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1Institute for Condensed Matter Physics and 2Department of Biology, Technische Universita¨t Darmstadt, Darmstadt, GermanyABSTRACT Fluorescence recovery after photobleaching (FRAP) is an excellent tool to measure the chemical rate constants
of fluorescently labeled proteins in living cells. Usually FRAP experiments are conducted with the protein concentrations being in
a steady state, i.e., when the association and dissociation of the proteins are equilibrated. This is a strong limitation because
situations in which rate constants change with time are of great scientific interest. In this study, we present an approach in which
FRAP is used shortly after DNA damage introducing laser microirradiation, which results in the recruitment of the DNA clamp
protein proliferating cell nuclear antigen (PCNA) to DNA lesions. We establish different kinetic models that are compatible
with the observed PCNA recruitment data if FRAP is not used. By using FRAP at different time points during protein accumu-
lation, we can not only exclude two out of three models, but we can also determine the rate constants with increased reliability.
This study thus demonstrates the feasibility of using FRAP during protein recruitment and its application in the discrimination of
possible kinetic models.INTRODUCTIONFluorescently labeled proteins are a major tool in cell
biology as they enable the tracking of proteins in live cells
by fluorescence microscopy. Methods exist that allow
observing single proteins (single particle tracking, single
molecule tracking), but these techniques often suffer from
the low photo-stability of fluorescent proteins (1). There-
fore, in many situations bulk measurements of average
behavior, such as fluorescence correlation spectroscopy or
fluorescence recovery after photobleaching (FRAP), are
preferred over information gathered from single particles.
In FRAP experiments, which are technically less complex
and, hence, more widely employed (1), the labeled proteins
are irreversibly photobleached in a small area of the cell by a
high-powered focused laser beam (2,3). The diffusion of the
surrounding nonbleached fluorescent proteins into the
bleached area leads to the recovery of the fluorescence
signal, recorded using a low-powered laser (4). Hence,
FRAP experiments provide a bulk measurement of the
average mobility of the labeled proteins in a small volume
and allow one to derive their association and dissociation
rate via fitting mathematical models to the data (5–7).
When protein diffusion occurs on a much faster scale than
association and dissociation, simple diffusion uncoupled
models can be used (8).
Usually FRAP experiments are conducted with the pro-
tein concentration being in a steady state, i.e., when the
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itation on the applications of FRAP. Often the protein con-
centrations in living cells are not in a steady state, but it
would still be very interesting to derive their association
and dissociation rates by conducting FRAP experiments
and simulations that do not rely on the steady-state condi-
tion. An example for an external trigger after which the local
protein concentration in the cells is not in a steady state is
laser microirradiation. Microirradiation introduces DNA le-
sions, such as single- and double-strand breaks, at prese-
lected subnuclear sites in living cells (10), which results in
the physiological accumulation of the repair proteins at
these sites.
In this article, we focus on the recruitment of proliferating
cell nuclear antigen (PCNA) to DNA following DNA
damage induction by laser microirradiation. PCNA belongs
to the family of processive clamps and is involved in both
DNA replication and repair (11). In mammals, PCNA forms
a homotrimer that is loaded as a precomplex by the repli-
cation factor C (RFC) complex, a member of the AAAþ
ATPase family, in an ATP-dependent manner. Notably,
also the unloading is assumed to be achieved by the
same RFC complex, again dependent on ATP hydrolysis
(11,12). In replication, PCNA tethers essential factors,
namely DNA polymerases, to the DNA template and thus
allows high processivity (13), but also translesion synthesis
and template switching if DNA damage is encountered dur-
ing replication. In repair, PCNA is involved in the template
processing during homologous recombination (14), in the
repair of interstrand cross-links and adducts, as well as in
repair-linked DNA replication in long patch base excisionhttp://dx.doi.org/10.1016/j.bpj.2015.08.031
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ple functions in DNA replication and repair, PCNA is seen
as a molecular platform for diverse protein-protein interac-
tions. Binding to PCNA occurs mainly at a conserved region
of the monomer via the motif PCNA-interacting peptide
(PIP) box (11,17). A second interaction site is recognized
by the AlkB homolog 2 PCNA-interacting motif (APIM)
(11,18). Although the first one is mostly related to replica-
tion interactions, the latter is mainly involved in interactions
following DNA damage. Today several hundred proteins
have been identified that contain either PIP or APIM motifs
and still others bind to PCNA independently of both (11).
The regulation of these multiple interactions is tightly
controlled on several levels. First, different binding affinities
of the partners result in preferential binding (e.g., p21 has a
high affinity to the PIP box and can displace polymerase
delta subunit p66 to halt the cell cycle (19). Second, a com-
plex posttranslational modification pattern (PTM) is known
to influence PCNA interactions. The most important PTMs
are mono-, polyubiquitination, and SUMOylation, but also
phosphorylation and acetylation (14,20).
The response of cells to DNA damage is a vast field of
research (21). Usually, protein recruitment to the damaged
site is evaluated by measuring the time dependence of the
fluorescence signal in the region of interest (damage site).
By fitting kinetic models to the measured data one attempts
to evaluate association and dissociation rates as well as the
rate with which the DNA is repaired. Unfortunately, in many
cases there are different models with the same number of pa-
rameters that fit the data equally well (6,22). In such situa-
tions, additional information is of great value. Therefore,
in this article we show that it is possible to conduct FRAP
experiments during the time of PCNA accumulating at sites
of DNA damage. To our knowledge, this type of measure-
ment has not been done before. As a proof of concept we
show that FRAP during nonsteady state is possible and leads
to additional information about the protein kinetics, which
can be used to discriminate between different protein
recruitment scenarios.MATERIALS AND METHODS
Cell culture and transfection
HeLa Kyoto (23) cells stably expressing mCherry-PCNA (24) were culti-
vated in the presence of blasticidin (2.5 mg/ml). For microirradiation exper-
iments cells were grown on cover slide dishes.Western blot analysis
HeLa Kyoto cells were grown to 80% confluence and harvested by trypsi-
nization. Cell pellets of 2 106 cells were resuspended in 100 ml of phos-
phate buffered saline (PBS) þ 35 ml 4 sodium dodecyl sulfate loading
buffer, boiled, and the amount indicated was loaded on a 12% sodium do-
decyl sulfate page. After electrophoresis and blotting the membrane was
blocked in 1% Roti-Block for 30 min. PCNA was detected by rat anti-
PCNA (clone 16D10 (25)), diluted 1:1000 in PBS including 1% Roti-Biophysical Journal 109(8) 1551–1564Block, and then diluted 1:2000 by anti-rat-IgG-Cy5 (Jackson Immuno
Research, Suffolk, UK). Blots were analyzed using the STORM imager
and bands were quantified with Image Quant 5.2 (GE Healthcare, Freiburg,
Germany).Flow cytometry and high-content imaging
For flow cytometry, exponentially growing cells were trypsinized and
dispensed as single-cell suspension. Cells were fixed in 70% ice-cold meth-
anol for 30 min at 4C. Flow analysis was carried out using a S3 flow cy-
tometer (Biorad) with a 561 nm laser for excitation and a 560 nm beam
splitter and a 585/25 nm emission filter. Cells were gated for singlets
and the fluorescence was recorded for >10,000 cells. For high-content im-
aging, the cells were seeded on cover slips and fixed in 3.7% formaldehyde
in PBS for 20 min at room temperature. Cells were mounted after DAPI
staining in moviol (Sigma Aldrich, Taufkirchen, Germany). Image acquisi-
tion was performed using a 20 LD 0.45 NA objective in an Operetta (Per-
kin Elmer, Rodgau, Germany) high-content screening system. mCherry
was imaged using a 560 to 580 nm excitation filter together with an emis-
sion filter 590 to 640 nm. Image analysis was performed using the Har-
mony software (Perkin Elmer) with the following pipeline: 1) find
nuclei, method M, guide size 15 mm, splitting coefficient 0.2, and common
threshold 0.4; 2) exclude out-of-focus and touching nuclei by population
filtering: Haralick contrast 4px <0.8, nucleus area >100 mm2 and <300
mm2, and roundness >0.83; and 3) measure the mean and total intensity
of mCherry in the nucleus.Laser microirradiation and FRAP
Imaging and microirradiation experiments were performed using an
UltraVIEW VoX spinning disc confocal system (Perkin Elmer) in a closed
live-cell microscopy chamber (ACU, Perkin Elmer) at 37C with 5% CO2
and 60% humidity, mounted on a Nikon TI microscope (Nikon, Du¨sseldorf,
Germany).
Images were taken with a CFI Apochromat 60/1.49 NA oil immer-
sion objective. For imaging of mCherry-PCNA, we used 561 nm laser
excitation and a 612 5 70 nm (full width at half maximum) emission
filter. For imaging, the 561 nm laser was set to 10%. It is important to
note that with every image taken a small amount of the proteins were
bleached.
For microirradiation, only cells not in S phase were used. In those cells a
preselected spot (1 mm diameter) within the nucleus was microirradiated
for 1.2 s with a 405 nm laser set to 100%, resulting in 0.99 mJoule. This
laser has been reported to cause single- and double-strand breaks as well
as oxidative base damage (26).
Photobleaching of mCherry-PCNA at previously microirradiated sites
was performed using a circular region of interest (1 mm diameter) for 1 s
with a 561 nm laser set to 100% resulting in 6.7 mJoule. Energy output
was measured with a laser power meter (Ophir Optronics, Irvine, CA)
directly after the objective with beam park settings. Before and after micro-
irradiation and photobleaching, confocal image series of one mid-nucleus z
section were recorded as 16-bit images in 2 s intervals.
It is important to note that the 561 nm laser does not cause DNA damage
to which PCNA is recruited (see Fig. S1 in the Supporting Material).Image analysis
All analysis steps for the confocal microscopy images were performed us-
ing imageJ (27). For data analysis we marked by hand the total nuclear area
(green circle in Fig. 1) from which we derived the nucleus fluorescence
signal (NFS) by integrating the intensity over all pixels within this area
(the size of the area is denoted by NFSArea). Additionally, we marked a
small region that was either outside the nucleus or outside the cell (blue
FIGURE 1 Schematic procedure and actual
images of an experiment including FRAP. For
data analysis we marked by hand the nucleus
area (green circle) from which we derived the
nucleus fluorescence signal (NFS). Additionally,
we marked a small region that was either outside
the nucleus or outside the cell (blue circle) to
measure the background signal (BGS) as well as
the microirradiated spot (purple circle) to measure
the bleachspot signal (BS). To see this figure in
color, go online.
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background signal (BGS). Last, we marked the microirradiated spot (purple
circle in Fig. 1, the size of the area is denoted by BSArea) to measure the
bleachspot signal (BS).
This data analysis aims at deriving the concentration of recruited PCNA
within the bleachspot. Because the signal in the bleachspot is caused by
both the freely diffusing proteins and the proteins bound to the DNA,
we need a method to estimate the fraction of the signal attributed to the
freely diffusing proteins within the bleachspot. As we show in the Sup-
porting Material, the concentration of freely diffusing proteins does not
significantly change over time (if corrected for bleaching). Hence, we
measure the mean intensity value of the bleachspot signal before the irra-
diation (denoted by BS0), which we corrected for the background signal,
and use it as an approximation for the signal caused by the free proteins
within the bleachspot for every time point. Additionally, we confirmed
that the FRAP measurement is not influenced by diffusion, by following
Sprague et al. (28). We compared FRAP curves of both freely diffusing
and microirradiation accumulated PCNA with ROIs of different sizes,
and we found no significant difference between the different ROIs, as
shown in Fig. S1.
We need to consider that each time we use a laser (for microirradiation,
photobleaching, or imaging), this inevitably leads to the bleaching of
some proteins. Hence, the fluorescence signal will decreasewith each image
taken, even if the proteins did not exchange in and out at all. To take this
bleaching effect into account, we evaluated the NFS for each image,
NFS(t), and compared it with the mean value before microirradiation,
NFS0. Both of these values were corrected for background signal. With
this, the bleaching factor BFðtÞ ¼ ðNFSðtÞ  BGSðtÞðNFSArea=BGSAreaÞÞ=
ðNFS0  BGS0ðNFSArea=BGSAreaÞÞ quantifies the bleaching effect, and
the fluorescence signal of bound proteins (FSBP) is given by the following:
FSBPðtÞ ¼ 1
BFðtÞ

BSðtÞ  BGSðtÞ BSArea
BGSArea



BS0  BGS0 BSArea
BGSArea

;
(1)
where BS0  BGS0ðBSArea=BGSAreaÞ is the approximated signal caused by
the freely diffusing proteinswithin the bleachspot (corrected for background).
So far, we have dealt with the fluorescence signal of the proteins, but not
with the actual concentration. To derive the concentration, a factor is
needed, which converts the fluorescence signal into protein amounts (de-
noted by v), from which we derive the concentration by dividing throughthe observed volume of the bleachspot. We estimate this factor from
known data. A precise knowledge of this factor is not necessary because
it does not affect the results for the fitted rate constants. Changing this fac-
tor affects all terms in our equations equally, because they are proportional
to the concentration of the labeled protein. From measuring the NFS in
each cell before microirradiation, we know that the amount of fluorescently
labeled proteins is approximately the same in each cell besides the varia-
tion between G1 and G2 phase. Additionally, we assessed the variation in
the level of the recombinant protein by flow cytometry and high-content
imaging. The mCherry-PCNA signal in both methods showed a variation
within the twofold regulation found for the endogenous one (29). To mea-
sure the ratio between endogenous PCNA and the stably transfected
mCherry-PCNA, we performed quantitative Western blotting with cell
lysates of the stable HeLA-Kyoto mCherry-PCNA cell line (Fig. S2).
From these data we established a ratio of 8.15 2.7 between the unlabeled
and labeled PCNA. The total amount of endogenous PCNA did not change
in the stable cell line.
According to Morris and Mathews (29), the number of PCNA molecules
per HeLa cell is 3:6 105 during G1 phase and 11:4 105 during G2
phase. From the cells used in our experiments, 18:5% were in G2 (distin-
guished by their roughly 1.3-fold larger area) and 81.5% of the cells
were in G1. Hence, according to the findings of Morris and Mathews the
average number of PCNA molecules in our cells is supposed to be
ð18:5 11:4þ 81:5 3:6Þ103z5 105. Additionally, it is important to
note that according to Morris and Mathews (29) the fraction of PCNA
bound to chromatin is negligible in cells that are not in S phase. Therefore,
5 105=8:1 is the average amount of tagged proteins in each cell.
Taking the mean value of the NFS before microirradiation ðNFS0Þ from
all cells and averaging over the cells (giving NFS0), the factor that converts
the fluorescence signal into protein amount can be written as the following:
v ¼ 500000=8:1
NFS0
: (2)
Besides this factor, the observed volume of the bleachspot needs to be
known to compute the protein concentration. For the theoretical models,
it is important that the concentration of bound PCNA is computed based
on the same volume. Hence, we used the largest bleachspot area from all
cells of an experiment (denoted by BSArea;Max with a size of ~4 mm
2)
each time we computed the concentration of bound PCNA. To obtain the
volume, this area is multiplied by the depth in z direction, which is deter-
mined by the width wz ¼ 1.1 mm of the point spread function of the imaging
system, which is shown in Fig. S3, B and C. With this, the concentration ofBiophysical Journal 109(8) 1551–1564
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be calculated using the following formula:PCNAboundðtÞ ¼ v
BSArea;Maxwz
FSBPðtÞ
¼ v
BSArea;Maxwz

1
BFðtÞ

BSðtÞ  BGSðtÞ BSArea
BGSArea



BS0  BGS0 BSArea
BGSArea

:
(3)Theoretical models
To understand which are the most important processes that lead to the char-
acteristic recruitment curves of PCNA in our experiments, we developed
several theoretical models. These models are as simple as possible mainly
for two reasons. First, with increasing complexity (i.e., the number of chem-
ical species and reactions included into the model) any model will be able to
fit almost every experimental data well. This makes it impossible to
discriminate between different models based on their ability to reproduce
the data.
Second, with more complex models it becomes impossible to see which
are the most important ingredients of the model needed to reproduce the
data. For example, an interesting feature of our data is the overshoot that
can be seen in the PCNA recruitment curves (Fig. 2: the curves peak early
on and then decrease till they reach a plateau).
A model for FRAP recovery during nonsteady state has already been pro-
posed by Lele and Ingber (30) that leads to the conclusion that the overshoot
observed in the experimental curves can be caused by a disassembly of the
structural scaffold. But in that model the number of available scaffold bind-
ing sites decays exponentially, and thus it would not be able to reproduce
both features of the experimental data, the steep slope as well as the long
stretched plateau. Also, the disassembly is implemented phenomenologi-
cally without specifying the underlying mechanism.
There are other possible reasons causing an overshoot. First, similar to the
model mentioned (30), instead of a general disassembly, the reduction of
available binding sites is attributable to the repair of different kinds of
DNA damage at different rates. Those damages, induced by the laser micro-
irradiation, could be single strand break, double strand break (DSB), or
oxidative base damages (31) resulting in a different (mixed) PCNA recruit-
ment and release kinetics (32,33). Second, the recruitment of PCNAcould be405 nm  microirradiation
time [s]   -10                 0                1000    
Biophysical Journal 109(8) 1551–1564influenced by another protein, which changes its dissociation rate, e.g., by
posttranslational modifications such as ubiquitination (34). Third, anotherreason for the overshootmight be that the endogenousPCNAproteins (which
are not fluorescently labeled and therefore invisible in our experiments) have
different association and dissociation rates compared with the tagged PCNA
proteins. We will make a minimal model for all three of these scenarios.
It is important to note that in our modeling approach we fit all experi-
mental data sets at once using the same parameters for every experiment
if possible. For example, we conducted 13 experiments that include a
FRAP bleach. When fitting the resulting curves from these experiments
we use the same chemical rate constants for all 13 fits. This method consid-
erably decreases the number of free parameters and thereby reduces the
freedom of the fit algorithm and hence the uncertainty of the parameters.
All models we discuss consist of two or three chemical species. At least
one of them is a substrate (S), such as a single-strand break in the DNA, a
double-strand break, or an oxidative base damage, which all can be induced
by the 405 nm laser (26). The second species is a protein (P) binding to the
substrate. We assume that the relations between these species are composed
of elementary reactions such as the following:
Sþ P!kSþP/SP SP; (R1)
and
SP!kSP/SþP Sþ P: (R2)
Here, P denotes a PCNA protein, S represents damage containing DNA, SP
is the complex (e.g., PCNA bound to the DNA), and kSþP/SP and kSP/SþP
denote the forward and backward reaction rate constant. PCNA is a trimer
and we assume that either it is recruited to the DNA as a preformed trimer orFIGURE 2 Protein recruitment data of the mi-
croirradiation experiments for 14 cells. The exper-
imental data is shown as dots and the fits are shown
as lines of the same color. Experimental setup ac-
cording to scheme on top. The fit uses the most
simple model out of those with the ability of pro-
ducing an overshoot (basic model plus one reaction
for DNA repair). The model includes only the
binding of PCNA to damaged sites and repair of
the DNA followed by dissociation of PCNA. In
this fit we did not use cross-validation, hence all
14 curves are fitted simultaneously with the chem-
ical rates being free parameters. Still, the model is
unable to fit the plateau following the overshoot
(see cell 1 to 3 at t > 1800 s). c2z1:9 105 and
the number of fitted data points was 6320. To see
this figure in color, go online.
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all recruitment and release of PCNA; and therefore in our model only the
trimer is included (denoted by P). Knowing that PCNA recruitment
happens on a slower timescale compared with diffusion (see section about
control experiments in the Supporting Material and Fig. S1) and using the
law of mass action these chemical reactions can be translated into the
following set of differential equations for the concentrations of the chemical
species:
d½SP
dt
¼ d½P
dt
¼ d½S
dt
¼ kSþP/SP½P½S  kSP/SþP½SP:
(4)
These equations represent our basic model. It is too simple to reproduce an
overshoot similar to the one that can be seen in our experimental data (seeFig. S3: the solution is a monotonously increasing, monoexponential func-
tion). Hence, in the different models we present later starting from this basic
model we will add more chemical reactions and/or species, which are
needed to reproduce such an overshoot. The considered additions to the
basic model are the following:
1) The dissociation of PCNA after its task at the DNA damage site is
completed. After this point, the damage is treated as repaired in our
model, even though there might be subsequent PCNA independent steps.
In this case the following chemical reaction is added to the following
basic model:
SP!kRepair P: (R3)
2) The presence of a second kind of DNA damage (e.g., a double-strandbreak denoted by D) is shown in the following:
Dþ P!kDþP/DP DP; (R4)
kDP/DþPDP!Dþ P: (R5)
3) A second protein influences the dissociation rate constant of PCNA butis not influenced by PCNA in turn. To keep the model as simple as
possible the dissociation of the second protein is not included and there
is only one kind of DNA damage included. Even if in the experiments
several kinds of DNA damage lead to the recruitment of PCNA, this
model can be a valid description under the assumption that the chemical
rates of PCNA do not depend on the type of damage. This second protein
is denoted by A and the DNA damage to which both proteins, PCNA and
the second protein, have been recruited is denoted by SPA in the
following:
Sþ A!kSþA/SA SA; (R6)
kSPþA/SPASPþ A!SPA; (R7)
kSAþP/SPASAþ P!SPA; (R8)
kSPA/SAþPSPA!SAþ P: (R9)
4) In the last model we assume that the endogenous PCNA proteins havedifferent association and dissociation rates compared with the tagged
PCNA proteins. According to previous findings, the binding of tagged
and untagged endogenous proteins is of equal strength (24). Neverthe-
less, we included this model to test whether the new approach, to ourknowledge, presented in this article supports these previous insights.
The endogenous PCNA proteins are denoted by E:
Sþ E!kSþE/SE SE; (R10)
kSE/SþESE!Sþ E: (R11)
We translated these reactions into rate equations just as was done with
Eq. 4. Such deterministic modeling is valid if the concentrations of the
chemical species in the modeled volume are so high that the stochastic
nature of the underlying processes is negligible. Even if this is not the
case, the deterministic description is still useful as an approximation.
To solve these differential equations we used the Runge-Kutta Cash-Karp
method as implemented in the GNU Scientific Library. Because the algo-
rithm to solve the differential equations was very slow when using very
low or high values for the concentrations and rate constants, they were
limited to be in the range ½e25; e25. Because the use of penalty functions
for restricting parameter values often causes problems, we achieved the
limitation by performing the fitting algorithm with new parameters knew.
Here, knew denotes any parameter (rate constant or protein concentration).
The new parameters are derived from the old parameters (k) by using the
formula knew ¼ e25,sinðkÞ.
As shown in the control experiments (see Supporting Material), the con-
centration of freely diffusing proteins is approximately constant. Hence, we
set in all models ½PðtÞ ¼ P0.
To find the best fit given a specific model and data, we used an algorithm
based on the covariance matrix adaptation evolution strategy (35). The
initial value of the freely diffusing protein concentration is set to
P0 ¼ BS0 (mean value of the bleachspot signal before microirradiation).
Additionally, we limit the fit algorithm to use values in the following range:
0:8  BS0%P0%1:2  BS0: (5)
Hence, we allowed P0 to deviate from BS0 by 20%. This value is roughly
estimated from the control experiments shown in Fig. S4, in which the con-
centration of PCNA in a nonbleached region showed only a small variation
in time (if excluding the values right after microirradiation and FRAP
bleach). The results we present later are not sensitive to the exact value
of this deviation. Hence, this rough estimation is sufficient. We use the
same values for the rate constants in all cells (all data sets are fitted simul-
taneously), which helps reducing the parameter space.
Because we do not have direct data for the DNA damage or for other pro-
tein concentrations besides PCNA, the fit algorithm may choose any posi-
tive value that fits the data well. Unless declared otherwise, the initial value
for S0 is drawn randomly between 10
2 and 104 (and then, as described
before, limited to the range ½e25; e25). The initial values for the rate con-
stants are drawn analogously. The reasoning is that initial values outside of
this scope lead to theoretical curves that have a large deviation to the exper-
imental curves. Hence, those initial values do not seem feasible and addi-
tionally they often lead to the fit algorithm failing at finding a good fit (it
converges to a set of parameters that obviously is not the best solution).Curve fitting and cross-validation
To measure the goodness of the fit we used c2 in the following:
c2 ¼
X
T
ðPCNAbound½T  PCNAtheo½TÞ2
s2½T : (6)
The sum is calculated over all data points, PCNAbound½T is the Tth exper-
imental value of bound PCNA and PCNAtheo½T is the Tth theoretical value
of bound PCNA (in the case of the two kinds of DNA damage model:
PCNAtheo½T ¼ SP½T þ DP½T). s2ðTÞ is the moving variance of theBiophysical Journal 109(8) 1551–1564
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moving average first. Because for each time point in each curve we had
only one value, we calculated the moving average by using the two data
points before and the two data points after that value in the following:PCNAbound½T ¼
 Pi¼ Tþ2
i¼ T2
PCNAbound½i
!,
5
¼ ðPCNAbound½T  2 þ PCNAbound½T  1 þ PCNAbound½T þ PCNAbound½T þ 1 þ PCNAbound½T þ 2Þ=5:
(7)With this moving average we calculated the moving variance in the
following in a similar way:
s2½T ¼
 Xi¼ Tþ2
i¼ T2

PCNAbound½i  PCNAbound½T
2!,
5:
(8)
If the above calculation was not applicable (e.g., for the data points right
before and after the FRAP bleach), we used the variance of the data points
before microirradiation.
Small values of c2 indicate a good fit, whereas large values indicate a bad
fit. Hence, the fit algorithm was set to minimize the value of c2.
To further test whether or not a model is able to fit the data well,
we used a cross-validation approach. From the 13 curves in the FRAP
experiments (14 curves in the experiments without FRAP) we used 10
curves as the training data set. Hence, the fit algorithm described above
was set to minimize c2 given the 10 experimental curves from the
training data set and a specific model, where the kinetic rates and the
initial concentrations (P0 limited by Eq. 5) were used as fitting parame-
ters. Next we used the remaining curves as the validation set: the chem-
ical rates of the model were set to the values derived from the training set
and the fit algorithm minimized c2 from the validation curves. In the
validation fits for each curve, there were two free parameters S0 and
P0, the latter limited by Eq. 5. In the two kinds of DNA damage model
the initial value of DSBs, D0, is an additional free parameter for each
curve, whereas in the influenced dissociation rate model for each curve
the additional free parameter is the concentration of the influencing
protein, A0.
For a specific model we used this cross-validation approach four times so
that each curve was part of the validation set once. Because the total number
of curves was 13 (14 curves in the experiments without FRAP), the first
validation set was composed of four curves, the second validation set con-
sisted of three curves (four curves in the experiments without FRAP) and
the last two validation sets consisted of three curves. To determine how
well a model fitted the data, we calculated the sum of c2 for all four vali-
dation sets and compared the result with those from the other models.
Because some of the models proposed in the last section could lead to a
FRAP recovery that is dependent on the FRAP time point chosen, a late
time point was used for one of the data sets to increase the information
about the interaction at the DNA damage site and thus the possibility to
discriminate between different models.RESULTS
In this section we show the data from protein recruitment
measurements after microirradiation with and without
FRAP, and we fit the curves to the theoretical models. First,Biophysical Journal 109(8) 1551–1564we show the recruitment curves of the microirradiation ex-
periments to motivate the microirradiation-FRAP experi-
ments and the choice of models.Modeling of microirradiation experiments
The results of 14 single-cell microirradiation experiments
(without FRAP) can be seen in Fig. 2. The figure shows
the concentration of recruited PCNA proteins (dotted
curves) within the bleachspot derived from the experiments
as explained in the methods section (Eq. 3). At the begin-
ning of each experiment the DNA was damaged, which
led to the recruitment of the tagged PCNA. At around
5 min the recruitment curves reach a maximum after which
they decline till they reach a plateau at around 30 min. We
refer to this feature of the recruitment curves as overshoot.
We employed a low level of microirradiation damage to
measure repair kinetics. Under conditions of higher damage
levels or pure UVC exposure, these kinetics are more diffi-
cult to measure (36).
Before the plateau is reached, the association and dissoci-
ation rate of PCNA are obviously not equilibrated and clas-
sical FRAP experiments cannot be performed. To fit these
data we used our most simple model besides the basic
model. This model only includes two chemical species,
the PCNA protein and sites of DNA damage, as well as
two chemical reactions: the binding of PCNA to the
damaged DNA (Eq. R1) and the repair of the damage and
the subsequent dissociation of PCNA (Eq. R3). In this
model the two latter steps (repair and dissociation) happen
simultaneously to keep the model as simple as possible.
This assumption is good if the rate of repair is considerably
slower than the rate of subsequent dissociation (which not
necessarily equals the rate of dissociation from a site of un-
repaired DNA damage). Describing the whole repair process
by a model, which includes the recruitment of only one pro-
tein is a good approximation if the recruitment of PCNA is
the rate-limiting step in the modeled processes.
Fig. 2 shows the best fit of this model using the c2 method
explained in the theoretical models section. In this fit we did
not use cross-validation, hence all 14 curves are fitted simul-
taneously with the chemical rates being free parameters. We
did this to test whether or not this model is able to fit the data
at all.
This simple model is able to reproduce the overshoot, but
it fails at reproducing the plateau after ~1800 s (see cell 1 to
FRAP in Nonequilibrated Systems 15573 in Fig. 2) because for sufficiently long times all damage is
repaired in this model, and the concentration of recruited
protein must therefore return to zero.
In the next subsections, we will discuss different models
that are able to reproduce the overshoot followed by a
plateau.
Two kinds of DNA damage model
One possible explanation for an overshoot followed by a
plateau is the presence of two kinds of DNA damages
(e.g., single-strand breaks and double-strand breaks), which
are repaired at different rates. In such a scenario the over-
shoot would be caused by the quick repair of the first kind
of DNA damage whereas the reason for the plateau would
be the second kind of DNA damage being repaired on a
timescale longer than the period of the experiment.
This model consists of the chemical reactions from the
basic model (Eqs. R1 and R2) to which the chemical reac-
tions Eqs. R3, R4, and R5 were added. To keep the model
as simple as possible the association and dissociation rateB
FIGURE 3 (A) Validation fits of the two kinds of DNA damage model to the m
are shown in the first row of Table 1. (B) Validation fits of the model in which the
A. For this model, c2z4:1 104 and the parameter values are shown in the fir
proteins model. For this model, c2z5 104 and the parameter values are sho
14 were used as the training set (see Fig. S5) and those from cells 1 to 4 as the v
as lines of the same color. Experimental setup according to scheme on top. Toconstants of PCNA do not depend on the kind of DNA dam-
age (kSþP/SP ¼ kDþP/DP and kSP/SþP ¼ kDP/DþP). The
only difference between both kinds of damage is that the
first damage can be repaired during the observed time
span whereas the second cannot.
Fig. 3 A shows the validation fits of this model to the mi-
croirradiation. The parameter values are shown in Table 1.
The curves from cells 5 to 14 were used as the training set
(see Fig. S5) to determine the chemical rates, whereas the
curves from cells 1 to 4 were used as the validation set.
Both, the overshoot and the plateau, can be reproduced.
Interestingly, in this validation fit and also in the fits of
the other three validation sets the dissociation rate constant
(for this fit: kSP/SþPz1:7 1011, see Table 1 for the other
validation sets) is eight orders below the dissociation rate
constants of the fits in the experiments with FRAP (for
the four validation sets of the microirradiation-FRAP data
kSP/SþP is in between 4:3 103 and 6:2 103, see
lower part of Table 1), which we will show in a following
section.A
C
icroirradiation data. For this model, c2z2:9 104 and the parameter values
dissociation rate of PCNA is influenced by a hypothetical protein denoted by
st row of Table 2. (C) Validation fits of the different rates for endogenous
wn in the first row of Table 3. For all three fits, the curves from cells 5 to
alidation set. The experimental data is shown as dots and the fits are shown
see this figure in color, go online.
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TABLE 1 Parameter values for the two kinds of DNA damage model
Composition of Validation Set kSþP/SP ðmM1s1Þ kSP/SþP ðs1Þ krepair ðs1Þ c2 No. of Data Points
Microirradiation
Cells 1–4 3:4 104 1:7 1011 1:9 102 2:9 104 1980
Cells 5–8 4:1 104 1:5 1011 1:7 102 3:7 104 2340
Cells 9–11 4:6 104 1:4 1011 1:7 102 2:7 104 900
Cells 12–14 4:2 104 1:5 1011 1:6 102 2:7 104 1100
Sum 1:2 105 6320
Microirradiation-FRAP
Cells 1–4 3:5 103 4:3 103 1:3 103 1:2 105 7000
Cells 5–7 2:9 103 5:8 103 1:6 103 5:7 104 2950
Cells 8–10 3:4 103 6:2 103 1:5 103 6:7 104 1800
Cells 11–13 2:8 103 5:2 103 2:3 103 1:2 105 4650
Sum 3:5 105 16,400
The composition of the validation set is given in the column on the left.
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Another explanation for an overshoot concentration profile
followed by a plateau is that the dissociation rate of
PCNA is influenced by another protein, which is not seen
in the experiment. Support for such a model comes also
from known posttranslational modifications of PCNA,
such as acetylation (37), which is formed by another pro-
teins. Hence, this model consists of PCNA, one kind of
DNA damage and a second protein denoted by A. Both pro-
teins, PCNA and A, can bind to the damaged DNA. This
model consists of the chemical reactions from the basic
model (Eqs. R1 and R2) to which the chemical reactions
R6 to R9 are added. For reasons of simplification, protein
A does not dissociate from the DNA whereas PCNA does.
Additionally, the dissociation rate of PCNA depends on
whether or not protein A is bound to the same damaged
site or not: if PCNA is solely bound to the DNA (in this
case the constant kSP/SþP is used) the dissociation rate is
lower than when it is bound in the presence of protein A
(in this case the constant kSPA/SAþP is used). In this model
we assume that the full repair of damaged DNA happens on
a slower timescale compared with the duration of the exper-
iment, so that no chemical reaction describing the full repair
of the DNA is needed.
Fig. 3 B shows the cross-validation fit of this model.
Again, the curves from cells 1 to 4 were used as the valida-
tion set. This model is able to reproduce an overshoot fol-
lowed by a plateau similar to the one in the experimental
data. However, the fit of the plateau (curves 1 to 3 at t >
1800 s) is worse compared with the two kinds of DNA dam-
age model. Hence, the c2 of this validation set is larger
compared with the same validation set in the two kinds of
DNA damage model (c2z4:1 104 vs. c2z2:9 104).
Nevertheless, the sum of c2 over all four validation sets is
the same for both, the influenced dissociation rate model
and the two kinds of DNA damage model
(
P
c2z1:2 105 in both cases). Hence, from the fits of
the microirradiation data it is not possible to decide whichBiophysical Journal 109(8) 1551–1564model fits the data better. Interestingly, in all the validation
fits of this model the dissociation rate constant of PCNA in
the absence of A is similarly low as it was in the two kinds of
DNA damage model (in the microirradiation part of Table 2
kSP/SþP is in between 2:4 1011 and 2:5 1010). Again,
this is many orders below kSP/SþP in the validation fits of
this model and the microirradiation-FRAP data (in the mi-
croirradiation-FRAP part of Table 2 kSP/SþP is in between
5:1 103 and 6:1 103).
Model with different association and dissociation rates for
endogenous proteins
In this model we assumed that the endogenous PCNA
proteins (which we do not see in our experiments) have
different association and dissociation rate constants
compared with the tagged proteins. The model includes
again the basic reactions (R1) and (R2) to which we added
the reactions (R10) and (R11), which describe the associa-
tion and dissociation of the endogenous proteins. The
association rate constant of the endogenous proteins is de-
noted by kSþE/SE and the dissociation rate constant by
kSE/SþE. As mentioned in the methods section, we know
that the ratio between tagged and untagged proteins is
1:8.1. Hence, in the fits we related the concentration of
freely diffusing endogenous proteins to the one of tagged
proteins: E0 ¼ 8:1 P0.
It is important to note that in this model the degrees of
freedom are considerably fewer compared with the previ-
ous models, because there is only one free parameter per
curve that can be altered freely by the fit algorithm (the
concentration of DNA damages S0). Additionally, for
each curve the algorithm may adapt the value of P0, but
this is limited by Eq. 5 (the deviation between P0 and
the experimentally derived BS0 is not allowed to exceed
20%). Hence, for the four curves from the validation set
for this model there is a total number of four free parame-
ters (i.e., not limited). Whereas for the two previous
models there were eight free parameters for the same
TABLE 2 Parameter values for the influenced-dissociation-rate model
Composition of Validation Set kSþP/SP ðmM1s1Þ kSþA/SA ðmM1s1Þ kSP/SþP ðs1Þ kSPA/SAþP ðs1Þ c2 No. of Data Points
Microirradiation
Cells 1–4 3:9 103 0:9 104 4:5 1011 5 102 4:1 104 1980
Cells 5–8 4:2 103 2:1 105 2:4 1011 6:2 102 2:9 104 2340
Cells 9–11 4:1 103 6:7 105 2:5 1010 5:4 102 1:6 104 900
Cells 12–14 3:4 103 1:2 104 1:8 1010 5:3 102 3:2 104 1100
Sum 1:2 105 6320
Microirradiation-FRAP
Cells 1–4 3:4 103 4:9 109 5:1 103 3.6 2 105 7000
Cells 5–7 3:5 103 1:2 109 5:7 103 0.14 5 104 2950
Cells 8–10 3:9 103 1:4 109 6:1 103 0.16 7 104 1800
Cells 11–13 3:1 103 2:8 109 5:4 103 5:1 102 2:3 105 4650
Sum 5:5 105 16,400
The composition of the validation set is given in the column on the left.
FRAP in Nonequilibrated Systems 1559validation set (in the two kinds of damage model there
was the additional free parameter D0 for each curve and
in the influenced dissociation rate model A0 was an addi-
tional free parameter for each curve).
Fig. 3 C shows the cross-validation fit of this model with
the validation set being composed of the curves of cells 1 to
4. Again, the model is able to reproduce the overshoot and
the subsequent plateau, although the validation fit to the
curve of cell 2 looks worse compared with the previous
models. The sum of c2 over all four validation sets is larger
than those of the two previous models (
P
c2z1:6 105 as
compared with
P
c2z1:2 105 in the two kinds of DNA
damage model and the influenced dissociation rate model).
Still, in comparison with the other models the sum of c2 is
not large enough to exclude this model, especially not
if considering that in the validation fits of this model the
number of degrees of freedom is half that of the other two
models. However, previous cell biological studies suggest
that there is no difference in the biochemical properties of
endogenous and recombinant protein (24,38).
Because all three models (second kind of DNA damage,
influenced dissociation rate, different rates for endogenous
proteins) fit the data similarly well, it is not possible to
tell which of these three effects is responsible for the
overshoot.Modeling of combined microirradiation-FRAP
experiments
In this section we use the microirradiation-FRAP approach
to fit the previously described three models to the experi-
mental data. In contrast to the previous section, where the
fittings were not significantly different, we demonstrate
here that including FRAP at different times during microir-
radiation greatly helps to distinguish between the three
models (i.e., excluding models).
In the models presented in this section the FRAP is
included by reducing the value of bound PCNA by a factor,which the fit algorithm may adapt for each cell. This ac-
counts for the fact that in these experiments the bleaching
of the accumulated PCNA was different, possibly because
of a slight shift in the microirradiation/FRAP point, which
is because of cell mobility and an offset of the laser focus
positions of less than 300 nm.
Fig. 4 shows the microirradiation-FRAP experiments (in
addition to the fits of the two kinds of DNA damage model).
In the cells 1 to 10 the FRAP bleach was conducted 180 s
after the initial DNA damage introducing microirradiation,
whereas in the cells 11 to 13 the FRAP bleach was conduct-
ed at 1800 s because we wanted to compare the recovery
curves from different time points.
Two kinds of DNA damage model
Fig. 4, A and B show the microirradiation-FRAP experi-
ments and the fitting results of the two kinds of DNA dam-
age model. The curves of cells 11 to 13 were used as
validation set and the curves from cells 1 to 10 as training
set. The experimental curves can be fitted comparatively
well, and the sum of c2 over all validation sets is nearly
as good as in the fits of the microirradiation data considering
that in the microirradiation-FRAP experiments the number
of data points is nearly three times as large as in the micro-
irradiation experiments (see Table 1). The parameter values
of this validation fit are shown in the fourth row of the mi-
croirradiation-FRAP part of Table 1.
As mentioned before, the dissociation rate constant
ðkSP/SþPz5:2 103Þ is many orders higher than in the
fit of the microirradiation data. Indeed, a FRAP measure-
ment is a good test if dissociation rates are close to zero,
because in this case the recovery of the signal after the
bleach is exclusively because of the recruitment to sites to
which no protein was bound before the bleach. To test
whether a dissociation rate constant as low as in the valida-
tion fits of the microirradiation data (see kSP/SþP in the
upper part of Table 1) is consistent with the microirradia-
tion-FRAP data we fixed the chemical rate constants onBiophysical Journal 109(8) 1551–1564
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FIGURE 4 Validation (A) and training fits (B) of the two kinds of DNA damage model to the microirradiation-FRAP data. The experimental data is shown
as dots and the fits are shown as lines of the same color. The scheme on top of each plot represents the experimental setup used for the cells whose curves are
shown in that plot. The curves from cells 1 to 10 were used as the training set and those from cells 11 to 13 as the validation set. For this model,
c2z1:2 105. In this validation fit the number of fitted data points was 4650, and the parameter values are shown in the fourth row of the microirradia-
tion-FRAP part of Table 1. (C and D) Fits of the two kinds of DNA damage model to the microirradiation-FRAP data with the chemical rates being fixed
(i.e., they are no free parameters) on the values derived from the fits of this model to the microirradiation data (see the first row of Table 1). All curves were
fitted simultaneously. Most importantly, the model fails at fitting the recovery curves from the cells 12 and 13 because of the extremely low dissociation rate
constant kSP/SþP, which shows that the chemical rates derived from the microirradiation data are not consistent with the microirradiation-FRAP data. For this
model, c2z4:4 105 and the number of fitted data points was 16,400. To see this figure in color, go online.
1560 Lengert et al.the values derived from the fits of this model to the micro-
irradiation data (first row in Table 1) and fitted all the curves
from the microirradiation-FRAP data simultaneously. The
result is shown in Fig. 4, C and D. Most importantly, the
model fails at fitting the recovery curves from the cells 12
and 13 because of the extremely low dissociation rate con-
stant kSP/SþP. This demonstrates that the results from the
fits to the microirradiation data are not reliable because
they are not compatible with FRAP experiments conducted
after the protein concentration reaches the plateau at around
t ¼ 1800 s. Contrary to this, the chemical rate constants
derived from the fits to the microirradiation-FRAP dataBiophysical Journal 109(8) 1551–1564are reliable in the sense that they are compatible with the mi-
croirradiation data (see Fig. S6).
Influenced-dissociation-rate model
In this section we focus again on the model in which an un-
known protein A influences the dissociation rate of PCNA.
Fig. 5 A shows the validation fits of this model to the micro-
irradiation-FRAP experiments. Again, the curves of cells 11
to 13 were used as the validation set and the curves from
cells 1 to 10 as the training set (see Fig. S7). This model fails
at fitting the recovery curves from the cells 11 to 13 at ~t ¼
1800 s and the sum of c2 over all four validation sets is 57%
BA
FIGURE 5 (A) Validation fits of the influenced
dissociation rate model to the microirradiation-
FRAP data. For this model, c2z2:3 105 and
the parameter values are shown in the fourth row
of the microirradiation-FRAP part of Table 2. (B)
Validation fits of the different rates for endogenous
proteins model to the microirradiation-FRAP data.
For this model, c2z1:9 105 and the parameter
values are shown in the fourth row of the microir-
radiation-FRAP part of Table 3. For both models,
the curves from cells 1 to 10 were used as the
training set (see Fig. S7) and those from cells 11
to 13 as the validation set. The number of fitted
data points was 4650. Both models fail at fitting
the recovery curves from the cells 11 to 13 around
t ¼ 1800 s. To see this figure in color, go online.
FRAP in Nonequilibrated Systems 1561larger than the sum of c2 for the two kinds of DNA damage
model (5:5 105 against 3:5 105). Both are indicators to
exclude this model, which was not possible after analyzing
the microirradiation data alone (the sum of c2 was nearly the
same for both models).
Model with different rates for endogenous proteins
The validation fits to the microirradiation-FRAP data of the
model in which the endogenous proteins had different rate
constants compared with the tagged proteins is shown in
Fig. 5 B. Again, the curves of cells 11 to 13 were used as
the validation set and the curves from cells 1 to 10 as the
training set (see Fig. S7). The model fails at fitting the re-
covery curves from the cells 11 to 13 around t ¼ 1800s
similarly to the influenced dissociation rate model. The
sum of c2 over all four validation sets is much larger than
the sum of c2 from the other two models (8:7 105 against
5:5 105 and 3:5 105). Hence, these two indicators allow
to exclude also this model. This supports the findings of a
previous study, in which it was shown that the binding of
endogenous and tagged proteins is of equal strength (24).TABLE 3 Parameter values for the different rates for endogenous
Composition of Validation Set kSþP/SP ðmM1s1Þ kSþE/SE ðmM1s1Þ
Microirradiation
Cells 1–4 1:5 108 2:7 104
Cells 5–8 6:8 109 3:0 104
Cells 9–11 2:6 109 3:9 104
Cells 12–14 3:1 107 5:0 103
Sum
Microirradiation-FRAP
Cells 1–4 2:8 102 7:4 104
Cells 5–7 1:9 102 6:6 104
Cells 8–10 2:5 102 9:0 104
Cells 11–13 2:2 102 6:9 104
Sum
The composition of the validation set is given in the column on the left.In summary, the microirradiation-FRAP experiments
enabled us to exclude two of three models, which was not
possible after analyzing the microirradiation data alone.
Additionally, in the sole model not excluded by the micro-
irradiation-FRAP data (the two kinds of DNA damage
model) we have shown that the chemical rate constants
derived from the fits to the microirradiation data were incon-
sistent with the microirradiation-FRAP data, whereas the
chemical rate constants derived from the microirradiation-
FRAP data lead to good fits of the microirradiation data
(see Fig. S6).
Table 3 shows a summary of the fitting results of both the
microirradiation and the FRAP-microirradiation approach.DISCUSSION
In the cross-validation fits of the microirradiation data
the sum of c2 over all four validation fits wasP
c2z1:2 105 for the two kinds of DNA damage model
as well as the influenced dissociation rate model andproteins model
kSP/SþP ðs1Þ kSE/SþE ðs1Þ c2 No. of Data Points
1:9 102 2:4 104 5 104 1980
1:8 102 2:6 104 4:2 104 2340
1:8 102 3:2 104 3:9 104 900
1:5 103 3:3 104 3:3 104 1100
1:6 105 6320
5:6 103 2:5 105 3:7 105 7000
5:6 103 2:1 104 1:3 105 2950
5:6 103 2:4 104 1:8 105 1800
6:6 103 3:2 104 1:9 105 4650
8:7 105 16,400
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c2z1:6 105 for the different rates for endogenous pro-
teins model (see Table 4 for a summary of the fitting results).
Hence, it was not possible to exclude one of the models
based on its ability to fit the data. Contrary to this, in
the cross-validation fits of the microirradiation-FRAP
data the sum of c2 over all four validation fits wasP
c2z3:5 105 (two kinds of DNA damage model),P
c2z5:5 105 (influenced dissociation rate model) andP
c2z8:7 105 (model with different rates for endoge-
nous proteins). In addition to this enlarged discrepancy ofP
c2, the two latter models obviously failed to fit the recov-
ery curves from all the cells in which the FRAP measure-
ment was conducted at t ¼ 1800s (cells 11 to 13). Based
on these findings, it is possible to exclude the influenced
dissociation rate model and the model with different rates
for endogenous proteins. These results, the exclusion of
two out of three models, reveals the usefulness of combining
FRAP experiments at different time points after microirra-
diation: Both, the FRAP recovery curves at the earlier and
at later stages, help narrowing down the possible values
for the chemical rate constants in such a way that a model
might not be able to fit all recovery curves with the same
set of chemical rate constants (as in the case of the influ-
enced dissociation rate model and the model with different
rates for endogenous proteins).
Additionally, we have shown that the chemical rate con-
stants derived from the fits of the two kinds of DNA damage
model to the microirradiation-FRAP data are reliable in the
sense that they are compatible with the microirradiation data
whereas the fitting results of the same model to the micro-
irradiation data were unreliable, i.e., they are not compatible
with the microirradiation-FRAP data.
The biological meaning of our findings is that the over-
shoot in the experimental data followed by a plateau is
possibly attributable to different kinds of DNA damage to
which PCNA can bind, such as single- and double-strand
breaks, that have distinctly different repair kinetics
(32,33,39). From the scenarios we included in our analysis,
the two kinds of DNA damage model fitted the data best of
the tested models. The fact that the 405 nm laser used in this
study to induce damage and subsequent PCNA accumula-TABLE 4 Summary of the fitting results of both the
microirradiation and the FRAP-microirradiation approach
Model
Two Kinds of
DNA Damage
Influenced
Dissociation
Rate
Different Rates
for Endogenous
Proteins
Microirradiation
c2 1.2  105 1.2  105 1.6  105
No. of data points 6320 6320 6320
Microirradiation-FRAP
c2 3.5  105 5.5  105 8.7  105
No. of data points 16,400 16,400 16,400
Biophysical Journal 109(8) 1551–1564tion is known to induce different types of DNA damage
such as pyrimidine dimers, base damage, and DNA dou-
ble-strand breaks (40) further supports the two kinds of
DNA damage model from the biological point of view.
Additionally, we could exclude a sole modification of
PCNA or a protein influencing it as the reason for this over-
shoot, given our assumptions are appropriate: relations be-
tween chemical species are composed of elementary
reactions, recruitment of PCNA and the influencing protein
happens on a slower timescale compared with diffusion (see
Fig. S1), concentration of freely diffusing PCNA is approx-
imately constant during the period of the experiment.
According to our fits of the two kinds of DNA damage
model, the dissociation rate constant of PCNA kSP/SþP is
in between 4:3 103s1 and 6:2 103s1, which is in
agreement with a previous analysis of nucleotide excision
repair in which koff for PCNAwas reported to be in between
2 103s1 and 5 102s1 depending on the status of the
DNA (36). The association constant, which lies between
2:8 103mM1s1 and 3:5 103mM1s1 in our model,
is also consistent with previous models (ranging from
1:0 103mM1s1 to 0:31 101mM1s1 (36)).
In the influenced dissociation rate model we assumed that
an unknown protein binds to the same substrate (damaged
DNA) as PCNA thereby increasing the dissociation rate of
PCNA. An alternative but ultimately similar situation would
be present if before the recruitment of PCNA protein Awas
already bound to all substrates. Contrary to the influenced
dissociation rate model, in this alternative situation the
dissociation of A would take place after the recruitment of
PCNA thereby increasing the dissociation rate of PCNA.
Such a process could be modeled by essentially the same
differential equations as in the influenced dissociation rate
model. Hence, this alternative reason for the overshoot
shown in our experimental data is also excluded by the
FRAP-microirradiation data.
It has been reported that the binding of tagged and
untagged endogenous proteins is of equal strength (24).
With the microirradiation-FRAP approach presented in
this article, we have shown indeed that the model that
uses a different binding strength for tagged and endogenous
proteins is not consistent with the microirradiation-FRAP
experiments. Even though this information was available
before, including this model into our analysis demonstrated
the usefulness of this approach regarding the exclusion of
alternative models.
We have shown that it is feasible to conduct FRAP exper-
iments during the early recruitment phase, which to our
knowledge has not been done before. This is especially
important if the observed processes are so slow that they
do not reach an equilibrium during the time of the experi-
ment. We have also presented a theoretical approach to
analyze such microirradiation-FRAP experiments that
does not rely on the equilibrium condition that is a rather
limiting condition of classical FRAP analysis (5,7–9).
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great importance if the chemical rate constants change dur-
ing the recruitment phase. Some of the possible reasons are
posttranslational modifications of a protein and the assem-
bling of multiprotein complexes in which the involved pro-
teins influence each other. In a previous study, we presented
a detailed theoretical analysis of different models describing
such situations (22).
In general, FRAP experiments are particularly sensitive to
the dissociation rate constant, whereas recruitment curves
strongly depend on the association rate constant. Microirra-
diation-FRAP experiments similar to those presented in this
article give special insight because they are sensitive to both
the association rate and the dissociation rate constant. This
is due to the recruitment still happening while the recovery
from the FRAP bleach takes place. Because of this combi-
nation of recruitment and recovery, the analysis of microir-
radiation-FRAP data can be more complicated compared
with microirradiation and FRAP data alone, but this is re-
warded by the ability to compare the chemical rate constants
at different time points, which allows deriving more reliable
values for the chemical rate constants and excluding alterna-
tive models.
In this study we usedmodels as simple as possible because
with increasing complexity any model will fit almost every
data set well, which makes it impossible to discriminate be-
tween differentmodels based on their ability to reproduce the
data. Of course, more complicated models would probably
reduce the c2 value for the cross-validation fits even further,
but the higher number of free parameters would lead to a
greater space of possible solutions and one may thus not
be able to conclude which are the most important (or the
minimumset of) interactions causing the experimental obser-
vations. Nevertheless, our theoretical approach used to
analyze the microirradiation-FRAP data is easily adapted
to more complex models. For example, if diffusion happens
on a similar timescale as recruitment our approach may be
combined with a diffusion model (41,42). Actually, with
increasing model complexity the information from the mi-
croirradiation-FRAP data will be even more valuable.
Additionally, our approach may be used to study less
complex situations, for example, when using other lasers
than those from the experiments shown here to avoid spe-
cific types of damage (43). If it is possible to induce only
one specific type of damage, the microirradiation-FRAP
approach could be especially useful to derive reliable values
for the rate constants and to analyze whether or not the
chemical rate constants of the involved proteins change
during the recruitment.SUPPORTING MATERIAL
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